Despite the importance of tree-thinking and evolutionary trees to biology, no appropriately developed concept inventory exists to measure student understanding of these important concepts. To address this need, we developed a multiple-choice concept inventory consisting of 24 pairs of items, and we provide evidence to support its use among undergraduate students. A set of learning outcomes was developed to guide the creation of the concept inventory. The learning outcomes, student interviews, and student responses were used to develop and revise inventory items. Supporting evidence was gathered from traditional item analysis, exploratory factor analysis, confirmatory factor analysis, traditional reliability analyses, and comparisons to alternative assessments. Appropriate implementation and utility of the concept inventory are discussed.
INTRODUCTION
Assessment of student understanding is a critical tool for educators as they try to help students learn the important content of a given class or course (1) . Educators and researchers are often required to develop their own assessments for a myriad of reasons (e.g., unique subject area or appropriate level of rigor). These unique assessments pose a problem for researchers when we attempt to evaluate the effectiveness of an intervention and put it in context with other studies. Without a widely used and accepted assessment, it becomes difficult to appropriately compare the results of one study with those of another.
To address these problems, educational communities have developed concept inventories. Concept inventories are typically multiple-choice assessments that focus on important concepts relating to a subject area. This focus on conceptual understanding allows the assessment items to prioritize assessing understanding and applying concepts over knowledge level information that can be memorized (2, 3) . A concept-focused assessment that has been properly developed provides educators with confidence in what the assessment reveals about their students' understanding and provides researchers with a more objective and meaningful form of evidence as we study student learning of the given subject.
Evolutionary trees are crucial in modern biology (4) . Biologists utilize evolutionary trees to study biological phenomena ranging from genes to biogeography (5) . Evolutionary tree concepts have been dubbed tree-thinking by researchers who advocate the importance of these concepts (6) . In the last decade, significant research has been conducted on the learning of tree-thinking. Researchers have provided great insight into how students think about evolutionary trees, common misconceptions students exhibit, and how best to teach evolutionary trees to students (e.g., [7] [8] [9] [10] While important and interesting insights have resulted from research on tree-thinking, the research into this area is inhibited by the lack of a concept inventory for tree-thinking that has been published and made available to researchers (11) . Without a widely available concept inventory, researchers are left to create their own assessments or modify existing assessments that were not generated or published for use as a concept inventory. While a few published assessments do exist, they do not meet the characteristics and standards of a concept inventory because they lack proper development/evidence or they cover only one component of tree-thinking (e.g., evolutionary relatedness) (5, 12, 13) . The Tree-thinking Concept Inventory is the most promising assessment that has been published, but it has since had some of its evidence of validity (inaccurate use of terms and a lack of factor analysis) called into question (11, 14) . Due to the clear need for a concept inventory on tree-thinking, we developed a new concept inventory targeted at undergraduate students, and we offer evidence of validity and reliability that gives researchers and educators confidence in the measurements it provides.
METHODS

Subjects
A total of 1,069 undergraduate students were recruited as subjects for this study. Participants were enrolled at a highly selective private religious institution. One hundred seventeen were used in our initial phase, where we sought to learn about student understanding of evolutionary tree concepts. An additional 421 subjects completed preliminary versions of the concept inventory over three rounds of revision (A, B, and C) but did not complete the final version, and no data from their responses appear in this text. Students who participated in these early stage of development were offered extra credit for their participation. Data from a total of 531 subjects from a variety of life science courses were used in this study, including students who have declared a life science as their major (majors) and those who have not declared a major or declared a major outside of life science (nonmajors). Participants who were declared life science majors were recruited from an introductory biology course (typically consisting of freshman), a plant diversity course (typically consisting of sophomores), and an evolution course (typically consisting of seniors). Nonmajor participants were recruited from a general education biology course and accounted for 54% of participants. We used three subsets of subjects from the total of 531 to conduct different analyses. The Final Group consisted of all 531 subjects, who completed the final version of the concept inventory. The Convergent-Discrimination Group consisted of 124 nonmajor subjects who completed the final version of the concept inventory as well as two other assessments. The Test-Retest Group consists of 120 nonmajor subjects who completed the final version of the concept inventory twice in a six-week period. Students were assigned to groups based on enrollment in a course section participating in the study. Each student enrolled in a participating section completed the concept inventory as part of the course. We sought and obtained permission from the students to use their responses in this study. The IRB at Brigham Young University (BYU) approved the study, and subject consent was obtained for their participation.
Content validity
Student understanding. We began the concept inventory design process by trying to learn more about how students think and reason with evolutionary trees. In order to do this, we administered a set of multiple-choice items and free-response items to 117 subjects in several biology courses. We reviewed student responses and coded them as being correct or as demonstrating one of the common misconceptions described in the literature (8, 9, (15) (16) (17) .
This process helped us become familiar with patterns of student thinking, including concepts they understood well and concepts they did not. We also met with eight students who were declared life science majors to hold discussions about evolutionary trees and the items they had responded to. We asked the students to review the items and their answers and tell us about their thinking. Evaluating their responses and discussing the items with them aided us in creating new items and distractors that would target key concepts while having them worded in ways that were compatible with student thinking. For further discussion of our research on student understanding please see our published work on this topic (18) .
Learning outcomes.
We developed an initial list of learning outcomes (Los) with the focus on what would be appropriate for undergraduate students of biology to understand about evolutionary tree concepts. Determining a set of learning outcomes is critical to the development of a concept inventory (19) . It allows us to develop items that directly address key concepts of tree-thinking and it ensures that each outcome is covered in the concept inventory. A four-person panel of experts (three evolutionary biologists and a biology education researcher) reviewed the initial list. Each expert participated in developing and revising learning outcomes. The tree-thinking learning outcomes we developed for this concept inventory are comparable to the learning outcomes defined by others (7, 20) , see Table 1 .
Item development.
We used student responses and the learning outcomes described previously to develop multiple-choice items. We developed at least two items to address each learning outcome in the hopes of providing robust coverage of the outcomes. Each item was comprised of two questions. The first question was directly related to the content the item was designed to assess, and the second question addressed the reasoning used to answer the content question. This method is patterned after Lawson's Classroom Test of Scientific Reasoning (LCTSR) (21) . Using paired questions is beneficial in two ways. First, it reduces the impact of guessing by requiring the subject to answer both questions correctly to receive credit for a correct response to the item. Second, it helps us better identify misconceptions that a student might be using when they answer an item. We found in our discussion of student responses that students could often answer a content question correctly but for an incorrect reason. The paired questions allowed us to account for this and more accurately differentiate students with accurate understanding from those with incorrect understanding.
Student responses and discussions were valuable in developing questions that were appropriately worded for students while still targeting our learning outcomes. Student responses also served as the primary source for the wording of distractors that were appropriate for the question but also represented common misconceptions (2).
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Previous research has shown that some students, while capable of accurately interpreting evolutionary trees using abstract or unknown taxa, are incapable of correctly interpreting phylogenies of known taxa (22) . This is likely due to a common misconception, defined previously as Similarity Equals Relatedness. This misconception results when students rely on a similarity of features to determine relatedness rather than what is depicted in the evolutionary tree. When the taxa are abstract or unknown to the student they cannot rely on similarity to interpret the evolutionary tree. We developed items that used both abstract taxa and wellknown taxa with this finding in mind. We believe this will allow the concept inventory to distinguish between students with no understanding of how to interpret evolutionary trees, those who can only do so with abstract or unknown taxa, and those who can regardless of the taxa used.
We used three rounds of revision to refine our items. A total of 421 major and nonmajor students completed preliminary versions, 79 students in Round A, 196 students in Round B, and 146 students in Round C. In Round A, 79 students were asked to answer and review the questions, and then comment on anything that seemed out of place or confusing about the questions. We selected 20 students to interview and asked them to describe their thinking about the items and give us feedback after Round A. After revisions, we administered the next version to 196 students in Round B, followed by a group discussion with six students asking them to discuss the items and provide feedback on any aspect that may have been confusing. The concept inventory was administered to 146 students in Round C. We, along with instructors (an evolutionary biologist and a biology education researcher) at two other institutions, reviewed the 26 two-part multiple-choice items following this final piloting of our concept inventory. Only minor changes were made, and we felt the instrument was ready for empirical analyses. The items that target each learning outcome are shown in Table 2 .
Item analysis. Subjects from the Final Group were assessed using the Evolutionary Tree Concept Inventory (ETCI). We used item difficulty and item discrimination to evaluate each item. Item Difficulty was determined by calculating the proportion of students who correctly answered each item. Item Discrimination was evaluated in two ways. First, we calculated discrimination by taking the top scoring 27% of subjects and comparing the number of correct responses with the number of correct responses in the lowest scoring 27% of subjects (23) . Next, we calculated a point-biserial correlation for each item to the total score. We used these three values to evaluate each item and to decide whether to include it on the ETCI. Based on poor item performance in terms of difficulty and discrimination, we removed two items (R1 and R2) from the ETCI (high difficulty and/or poor discrimination). R1 and R2 had performed poorly in preliminary versions of the ETCI. We had hoped the results would improve as we refined the instrument and added to the sample size, but this was not the case.
Convergent and discriminant validity. Convergence is the degree to which scores on two assessments that purport to measure the same construct correlate with one another. Discrimination, in contrast, is the degree to Use an evolutionary tree to identify characters a given taxon would exhibit 3 -Demonstrate an understanding of evolution as a continuing and non-teleological process a. Identify why using simplicity and complexity to categorize organisms as primitive and advanced species is inappropriate from an evolutionary perspective b.
Demonstrate an understanding that all extant populations continue to evolve and have evolved throughout their entire existence which scores on two assessments, which claim to measure two differing constructs, correlate to one another. We used two assessments developed for a nonmajors introductory biology course to provide evidence of convergence and discrimination by comparing the student scores from the Convergent-Discriminant Group. The convergent assessment was designed to assess tree-thinking (TT) and consisted of 11 multiple-choice items. These items were selected from Tree Thinking Quiz I and II (5). The discriminant assessment was used to assess the nature of science (NOS) and consisted of 12 multiple-choice items written and used by the authors for course exams. We then used a Pearson and Filon's z test to compare the correlations.
Factor analyses. Factor analyses can be used to explore the underlying structure of the concepts being measured by an assessment and which items appear to be measuring the same concepts by analyzing the variation of student responses to correlated items. This allows for potential factors to be identified by grouping items together in a way that explains the variance seen in the data. These factors should represent the concepts being assessed. We used two types of factor analysis to evaluate whether items we intended to measure the same concept did in fact group together and whether our proposed grouping of the concepts aligned with the overall grouping of the items. We hypothesized that the learning outcomes created fit into three distinct categories as outlined in Table 1 : accurately interpret information depicted in an evolutionary tree using an understanding of common ancestry (LO 1a-1d), demonstrate an understanding of how characters are inherited from common ancestors by accurately interpreting an evolutionary tree (LO 2a-2e), and demonstrate an understanding of evolution as a continuing and non-teleological process (LO 3a-3b). To test this initial hypothesis, we used student responses from the Final Group to conduct an exploratory factor analysis (EFA) and a confirmatory factor analysis (CFA). The EFA allowed us to generate a statistically supported hypothesis about the relationships of the items and the underlying structure of evolutionary tree concepts, while the CFA was used to test how well the hypothesis fit the data (24) . We randomly split the subjects from the Final Group with half of the data being used for the EFA and half being used for the CFA. The CFA included generating a modification index to see whether any theoretically sound improvements to the model were justified. We also calculated multiple fit indices that are robust to differing data patterns to better evaluate the fit of the model.
Shortened version.
In our process of evaluating the ETCI, we recognized its length would be a potential issue that reduces its utility to instructors. The length allowed us to have multiple items for all but one learning outcome; however, instructors may not wish to have an exam entirely devoted to tree-thinking. To compensate for the length, we selected 10 items that covered most of the learning objectives and had excellent item characteristics (see Table 3 ). We then ran a Pearson product-moment correlation to examine the relationship of the total score for the 10 items to the ETCI as a whole.
Reliability
We used responses from the Final Group and TestRetest Group to gather two forms of evidence of reliability. We measured the internal consistency of student responses by calculating a Cronbach's alpha coefficient for the Final Group. The second method we used was test-retest. Testretest allows us to estimate the stability of the scores over time. We assessed 120 subjects using the ETCI, and then six weeks later, we assessed them with the ETCI a second time. We then calculated a Pearson's product-moment correlation between the two scores for each student. Using these two methods allowed us to produce multiple forms of reliability evidence for the results reported in this study.
RESULTS
Validity
Item analysis. We calculated item difficulty, item discrimination, and a point-biserial correlation for each item with the total score; results for each item are shown in Table  4 . We used widely accepted standards to evaluate the values produced in the item analysis (23) . Average item difficulty was 0.61, ranging from 0.22 (Item 5 and Item 24) to 0.91 (Item 9). Ideally it is best for difficulty values to range from 0.3 to 0.9. Item 5, Item 9, and Item 24 were all outside of this range. Average item discrimination was 0.52, ranging from 0.17 (Item 9) to 0.68 (Item 21). The average point-biserial correlation was 0.45, ranging from 0.25 (Item 9) to 0.56 (Item 19). Item 9 and Item 14 also had low discrimination (above 0.3 is ideal), but this could be explained by the ease of the items. While traditional discrimination values were low for these two items, the point-biserial correlations (another common means of evaluating discrimination) for both were in the acceptable range (> 0.2). We decided to keep these two items as part of the ETCI because they were the only items that targeted learning outcome 3e. Item R1 was removed due to the difficulty of the item (0.12) and R1 and R2 were items removed from the final version of the concept inventory as a result of item analysis.
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Convergent and discriminant validity. We used a Pearson product-moment correlation to compare the relationship between scores from the Convergent-Discriminant Group on the TT assessment and the ETCI as a measure of convergent validity. We found a large positive correlation between the scores on the two, r(124) = 0.616, p < 0.001.
We also used a Pearson product-moment correlation to compare the relationship between scores from the Convergent-Discriminant Group on the NOS assessment and the ETCI. A smaller positive correlation was found, r(124) = 0.362, p < 0.001.
Correlation coefficients relating scores of two assessments between 0.4 and 0.7 are considered to be strongly correlated while values between 0.2 and 0.4 are considered to be weakly correlated (23) . We compared the two correlations with the ETCI to determine whether the TT-ETCI correlation was significantly different from the NOS-ETCI correlation. A Pearson and Filon's z test conducted using the cocor package for R showed that the TT-ETCI correlation was significantly larger than the NOS-ETCI correlation, p = 0.002 (25) .
Factor analyses. We conducted a principal axis factor analysis (PAF) of the 24-item ETCI on the responses of 265 randomly sampled subjects from the Final Group. This random sampling allowed for a confirmatory factor analysis (CFA) on responses of the 266 remaining subjects. The Kaiser-Meyer-Olkin (KMO) value was 0.84, indicating that, overall, the data were likely to be factorable. In addition, all individual item KMO measures were greater than 0.76, indicating that each item was suitable to be included. A Bartlett's Test of Sphericity was statistically significant (p < 0.001), which also indicates the data are likely to be factorable.
We used a scree plot and the total variance explained to help evaluate the number of factors that were appropriate to extract. Visual inspection of the scree plot indicated two potential inflection points at either three or five factors. Total variance explained exceeded 5% in five factors. These five factors cumulatively explained 45.3% of the total variance as opposed to only 35.0% in the three-factor solution. Based on these initial results, we decided a fivefactor solution was more appropriate than the three-factor solution that may have matched our initial hypothesis. To provide further evidence, we used a PAF parallel analysis on the 265-subject dataset with 1,000 randomly generated and normally distributed data sets. A parallel analysis uses randomly generated data to determine whether factors produced from actual data are larger than would be expected by chance. The results (see Fig. 1 ) of the parallel analysis supported our decision to extract five factors.
We used a Promax rotation on the data, and the Item loadings on the five factors are shown in Table 5 . The Item factor relationships differ in a number of ways from our originally proposed three-factor grouping. Item 1 most strongly loaded on the same factor as items that asked students to compare evolutionary relatedness, when it theoretically should have loaded on Factor 5, with Item 20, which measured the same construct (clade type). Item 10 also loaded most strongly on the factor with evolutionary relatedness items rather than with Item 2 on Factor 5. While the factor loading of Items 1 and 10 differed from what we expected, their loading was relatively weak on either factor, meaning the evidence that they measure the same factor as the other items on Factor 1 is questionable. In addition to Items 1 and 10 Items 8, 9, 20, and to a lesser extent 4 all had low factor loadings (< 0.3).
We also looked at the correlation between factors 1 and 5 because our weak loading items were on these factors. We found that these two factors had a correlation of 0.551. We conducted a CFA based on the five factors and item loading patterns seen in the EFA using the lavaan package in R (26) . The CFA allowed us to compare the fit of the fivefactor model to the second half of the data we excluded from the EFA. After performing the CFA, we also computed a modification index that showed how the model might be altered to improve fit. Based on our theoretical reasoning, we adopted two of these suggestions that allowed for two covariance terms in the model: one between Items 6 and 16 and the other between Items 11 and 19. We accepted these suggestions because they significantly improved the model and each set of items loaded on the same factor, respectively. We used three fit indices to evaluate the fit of our model. Two indices indicated that our model was an acceptable fit to the data (Root Mean Square Error of Approximation [RMSEA] = 0.034 and Standardized Root Mean Square Residual [SRMR] = 0.043). The third index we used was the incremental fit index (IFI), which had a reported value of 0.94. This falls just below the conservative threshold of 0.95 and above the threshold of 0.90 that some recommend (27) .
Shortened version.
To evaluate the shortened 10-item version of the ETCI as a predictor of the full version, we used a Pearson product-moment correlation and treated the 10 items as a separate assessment and compared it with the ETCI as a whole. We found the scores of these 10 items to be strongly correlated with the scores of the ETCI, r(531) = 0.918, p < 0.001.
Reliability
We calculated a Cronbach's alpha coefficient as a measure of internal reliability for the Final Group (531 subjects) who took the ETCI. The ETCI was shown to have a Cronbach's alpha of 0.845. We used a Pearson's product-moment correlation to assess the relationship between subject scores on the first test attempt and second attempt of our test-retest group of subjects. We found a large positive correlation between the two scores, which is to be expected, r(120) = 0.828, p < 0.001.
DISCUSSION
We developed, reviewed, and revised items to directly address learning objectives that were developed for Bolding indicates items that share the same learning outcome loading on separate factors. * Indicates weak factor loadings.
undergraduate students. Student interviews, student openanswer responses, and literature defining common misconceptions were used to guide the development of each item. We conclude that the results of our analyses demonstrate that the process of item development produced appropriate items that measure what we intended them to measure and distinguish between students of differing ability.
The EFA results showed that our initial three-factor model, which was based on our theoretical grouping of the learning objectives, was not justified based on the pattern of student responses. We used the results of the EFA to propose a new five-factor model as seen in Figure 2 . The five-factor solution differed from our proposed three-factor model in a number of ways but most importantly in the grouping of items targeting LO 1a and 1c (clade type and evolutionary tree components) with items targeting LO 2a and 2b (homology/analogy and using parsimony). All other factors consisted of a subset of items that fell in the same theoretical category in which they were initially placed in (e.g., Factor three consists of items targeting 2c, 2d, and 2e but none from groups one or three). The results of the CFA show this new model is an acceptable fit to the data. We created a new classification of our learning outcomes based on the results of the factor analyses (Table 6 ). We believe this new classification reflects sound theoretical groupings and is consistent with the underlying construct structure supported by the factor analyses.
While this new classification and the model used to create it were a good fit to our data, we did have a number of items that only weakly loaded on a factor. We believe the items that weakly loaded may have differed in the cognitive task students were asked to use to answer the question. Because of this, the factor analysis may be picking up on the shared cognitive task with items measuring other concepts. For example, Item 1 asks students to analyze character evidence to determine whether a group is monophyletic, while Item 20 asks students to identify how many monophyletic groups are in a given tree. Item 20 ended up weakly loading on Factor 1 (see Table 5 ), which had several items that required analyzing given evolutionary trees. We went to the EFA results to look at the item correlations between Item 1 and Item 20 and found a correlation value of -0.076. While these two items clearly both required students to use their understanding of monophyly, the scores for these two items were not correlated. The difference between analyzing and identifying might have caused the weak and opposite loadings we saw in the EFA results. The correlation between Factors 1 and 5 may have also played a role in the loading of Items 1, 2, 10, and 20. We saw a fairly strong correlation between these factors, and the loading of these four items was strongest (though weak overall) on Factors 1 and 5. Because these were weak results, we relied primarily on our theoretical understanding when building a new model to test for the CFA.
An exploratory factor analysis of the Force Concept Inventory (FCI) also showed several weak loading items (6 out of 26 items compared with 6 out of 24 items in this analysis). These researchers concluded that while their analysis produced novel and interesting results, further research was needed to understand the conceptual framework measured by the FCI (28) . The weak loading of some items and the unexpected groupings we saw in our results likewise make us believe the conceptual framework of tree-thinking is in need of further research. While our new model is theoretically sound, further evidence is needed before we can conclusively say that it should be favored over our original model. The significant difference found between the correlation coefficients (Tree-thinking-ETCI vs. Nature of Science-ETCI) and the differing classification of the correlation coefficients (strong and weak) serve as evidence that the ETCI measured the constructs we intended. While the correlation between the TT-ETCI was significantly higher, the correlation between NOS-ETCI was still significant. We believe that the higher-order cognitive skills required to answer the majority of items on both assessments can explain this significance. A previously published assessment that focused on evolutionary relatedness found a significant correlation with scientific reasoning (12) . Scientific reasoning has been found to be highly correlated with performance on assessment items that require higher-order cognitive skill (29) . We believe the significant correlation found between the NOS and the ETCI is likely due to both requiring higher-order cognitive skills. Students with higher scientific reasoning ability performed better on both assessments, leading to a significant correlation that was not due to similar constructs being assessed.
Our estimate of internal reliability produced a Cronbach's alpha coefficient well within the range of values expected for a concept inventory, strongly suggesting that student responses to the EFA were reliable (30) . Additionally, the significant correlation found during the test-retest analysis also yields a strong estimate of reliability, providing evidence of stability over time. Given the amount of time between the two attempts, our correlation falls well above the acceptable cutoff (r > 0.7) (30). Thus, our results provide compelling evidence for the reliability of responses to the ETCI.
One use of evolutionary trees that was not covered by our concept inventory and learning outcomes was that of depicting the evolution of genes (17) . While scientists commonly use gene trees in their research, these types of trees are rarely included in an introductory study of biology. We believe it would have been beyond the scope of this assessment to include gene trees and related concepts in our learning outcomes and concept inventory.
While we believe we have demonstrated that the ETCI is an adequate measure of tree-thinking, we recognize that its focus is on conceptual understanding and that it does not ask students to necessarily complete tasks that would be more authentic to how practicing scientists use evolutionary trees. We believe we appropriately focused on conceptual understanding given the goals and intended use of the ETCI, but it does not represent the entirety of ways in which an instructor may want to assess evolutionary tree concepts.
As we previously mentioned, the length of the ETCI is likely to be of concern for those who wish to use it in academic settings. The large correlation found between the shortened version and the full version indicates that the 10 items selected serve as a good predictor of student scores on the full version. The correlation between the shortened version and full version is higher than for a similarly shortened version of the Meiosis Concept Inventory and its full version (31) . The evidence of reliability and validity of student responses to the ETCI outlined in this research only apply to the full version. Due to this, we would not recommend using the 10-item version for research purposes, but it may be useful to instructors as a pre-assessment, as a quiz, or as part of a unit assessment.
The ETCI has the potential to help researchers and instructors as a concept inventory. Researchers can use the ETCI in multiple ways. First, it can be used to better understand how tree-thinking concepts are related to each other. As we have shown, our own theoretical understanding differed from the pattern shown in our results. As we better understand the relationship tree-thinking concepts have to one another, we can design instruction to account for these patterns. For example one might traditionally teach about monophyly and paraphyly during a lesson that also covers evolutionary relatedness due to perceived theoretical connectivity. However, if, as our results indicate, these concepts are more closely tied to an understanding of homology and analogy, it may be better to include these concepts when teaching about homology and analogy. The ETCI can also be used by researchers to measure student understanding of tree-thinking. Doing this would allow researchers to make better comparisons between their own research and the research of others. Instructors, of course, can also use the ETCI as an assessment to determine how effective their Use an evolutionary tree to identify characters a given taxon would exhibit 2e
5 -Demonstrate an understanding of evolution as a continuing and non-teleological process 3 a. Identify why using simplicity and complexity to categorize organisms as primitive and advanced species is inappropriate from an evolutionary perspective 3a b. Demonstrate an understanding that all extant populations continue to evolve and have evolved throughout their entire existence 3b
The final column indicates their alignment in our original learning outcomes from Table 1 .
Volume 20, Number 2 tree-thinking-related instruction has been in teaching treethinking concepts. Instructors can also use the ETCI as a formative assessment that would allow them to see what misconceptions a particular student holds or those most commonly held by their students. We used our work in this study as well as results from previous research to develop the alternative answer options in the items of the ETCI. Looking at the answers selected by an individual student or the class as a whole would allow an instructor to identify which misconceptions they might want to specifically address in future instruction. We invite any readers interested in using the ETCI for academic or research purposes to contact us for either the full or shortened version.
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